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ABSTRACT
Public transportation sectors have played significant roles in accommodating passengers 
and commodities efficiently and effectively. The modes of public transportation 
often follow pre-defined operation schedules and routes. Therefore, planning these 
schedules and routes requires extensive efforts in analyzing the built environment and 
collecting demand data. Once a transit route is operational as an example, collecting and 
maintaining real-life information becomes an important task to evaluate service quality 
using different Key Performance Indicators (KPIs). One of these KPIs is transit travel 
time along the route. This paper aims to develop a transit travel time prediction model 
using an artificial intelligence approach. In this study, 12 public bus routes serving the 
Greater City of Doha were selected. While the ultimate goal is to predict transit travel 
time from the start to the end of the journeys collected over a period of one-year, route-
specific inputs were used as inputs for this prediction. To develop a generalized model, 
the input variables for the transit route included the number and type of intersections, 
number of each type of turning movements and the built environment. An Artificial 
Neural Networks (ANN) model is used to process 78,004 valid datasets. The results 
indicate that the ANN model is capable of providing reliable and accurate transit travel 
time estimates, with a coefficient of determination (R2) of 0.95. Transportation planners 
and public transportation operators can use the developed model as a tool to estimate the 
transit travel time. 
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1 INTRODUCTION
The population in the State of Qatar has increased dramatically during the last few 
decades and the lifestyle for the people living in the country became a car-dependent 
one (Shaaban & Khalil, 2012; Shaaban & Khalil, 2013). These conditions caused a 
substantial pressure on the transport system. Moreover, the current National Vision 
2030 for Qatar calls for a reliable multimodal transport system to support the national 
economic and social development of the country. Furthermore, Qatar is currently 
planning to host different major events in the near future including the FIFA World Cup 
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2022 event. Therefore, it is necessary to have an efficient, accessible and sustainable 
transport system in the country (Shaaban & Hassan, 2014; Shaaban & Maher, 2019). 
Previous studies indicate that efficient public transportation is one of the methods to 
improve traffic congestion (Beaudoin, Farzin, & Lawell, 2015, Dewan & Ahmad, 2007; 
Shaaban & Khalil, 2012). In Qatar, the public bus service provides an affordable and 
clean mode of transport to many people (Shaaban & Khalil, 2012; Shaaban & Khalil, 
2013). Mowasalat, the only public transport bus system operator in the country, manages 
more than 45 bus routes around Qatar. Some of these routes connect the city of Doha 
with other cities.
Nevertheless, the reliability of the bus system, which is defined as the abidance of the 
bus arrival time to the announced scheduled timings, is considered an issue. The public 
bus users have reported the need to improve the reliability of the existing bus system 
(Shaaban & Khalil, 2012; Shaaban & Khalil, 2013). This problem could be tackled using 
different methods, including improving route planning and scheduling (Nam & Park, 
2018), using more realistic and empirical models (Li et al., 2018), improving quality 
control (Friman & Fellesson, 2009), using Automated Vehicle Location (AVL) systems 
(Hickman, 2004), and notifying the users of actual or better estimation of arrival time 
using Advanced Traveler Information Systems (ATIS) (Kumar et al, 2005).
The purpose of this study is to develop a prediction model that can be used by public 
agencies and transport operators to provide more accurate travel and arrival times for the 
bus system. The development of such a model using historical data for different routes in 
Qatar can be useful to improve the travel time reliability issue. The model can be utilized 
for planning and ATIS purposes. Such a model could resolve the current gap that public 
transport bus operators in Qatar have to deal with due to the lack of regionally developed 
models needed to estimate realistic travel time based on empirical efforts.
2 RESEARCH OBJECTIVE
Some of the key performance indicators that are often used in evaluating the quality 
of public transportation services are schedule adherence (Levine et al., 2000), transit 
travel time (Kumar at al, 2019), service frequency (Ingvardson et al., 2018) , and out-
of-pocket cost (Koppelman, 1983). It can be noticed that accurately predicting transit 
travel time contributes towards improved service quality. While those travel time values 
can be estimated at the planning stage, comparing those values against the operational 
ones can lead to an improved planning process. The improvement process can be further 
appreciated if prediction models based on real-life observations are readily available. 
Furthermore, such models can be integrated within the Intelligent Transportation 
Systems (ITS) framework (Shaaban & Khalil, 2012; Shaaban & Khalil, 2013).
The research objectives can be addressed by implementing the following procedures:
• Collect, process, and analyze historical bus journey trips at selected sites, covering 
differently built environmental conditions.
• Identify the potential quantified input variables that can be used to estimate the 
transit travel time for different routes.
• Develop transit travel time prediction model using artificial intelligence techniques 
and methods based on the previously collected and processed input variables.
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3 RESEARCH METHODOLOGY
Public transportation data were collected from two different sources. The first one 
was Mowasalat, which is the governmental entity in Qatar that manages and operates the 
public bus system in Qatar.  The second source was collecting additional data manually 
as shown in Table 1. The collected data considered the characteristics of the bus routes 
in terms of both fixed features (such as route length, number of turning movements, 
number and type of intersections) and traffic-related features (such as the day of the week 
and peak periods). It should be noted that the research team could not get other useful 
data (such as number of and rates of passenger ridership and boarding and alighting 
passengers at bus stops) due to logistics and security reasons. Accordingly, this study 
utilized the available data only.
Table 1: Description of the independent variables
After grouping and filtering the collected data, the average transit travel times are 
used for matching records. For instance, if multiple records have identical input variables 
but their outputs are different, then the average values of these outputs are used after 
achieving a 95 percent confidence level that there are no statistical differences between 
these outputs. Then the outliers are excluded from the analysis.
After filtering the data records, it was found that 78,004 of valid data records were 
available for the analysis. Due to the nature of the independent variables (which has both 
numerical and categorical variables), an artificial intelligence approach, Artificial Neural 
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Networks (ANN), has been used to process and model valid records. This approach has 
been used due to its capability of analyzing big data and understanding the underlying 
relationship between the independent variables (Jun Lee & Siau, 2001; Ghanim & 
Abu-Lebdeh, 2018; Ghanim & Shaaban, 2018). The ANN approach performs well in 
predicting various combinations of input variables that were not previously observed in 
the analyzed data (Yahia & El-taher, 2010). ANN techniques have several applications 
in transportation-related studies and research, as can be found in (Ghanim, Abu-Lebdeh 
et al., 2013a; Ghanim, Abu-Lebdeh et al., 2013b; Ghanim, Dion et al., 2014; Ghanim & 
Abu-Lebdeh, 2015). 
Inspired from the natural neuro-system that exists in humans, ANN processes the 
stimuli (i.e., inputs) and transfers them into reactions (i.e., outputs) (Yahia & El-taher, 
2010). A typical ANN model consists of three different layers. The first layer is for the 
input variables, where the inputs are usually normalized via transfer functions to avoid 
any potential bias of the input vectors. The second layer is the hidden layer, which 
consists of several neurons that would receive the weighted signals from the input layers 
and transfer other sets of weighted signals to the third layer (i.e., the outputs layer). The 
third layer processes all the signals received from the neurons in the hidden layer and 
transfers those signals into an output vector.
The valid records were randomly divided into three different groups. The first one 
is the training group that is used to train and calibrate the weights between the three 
different layers through an iterative process. The second group is the validation group 
that is used to monitor the convergence process of the overall training process, and hence 
avoiding the model “overfitting” during the training process. The third group is the testing 
group, which is an independent set of data that were not previously experienced through 
the ANN model development. In other words, the testing group is used to evaluate the 
performance of the trained ANN model.
• Training records: 54,602 records, which are approximately 70% of all the valid 
records, and used to train the ANN.
• Validation records: 11,701 records, which are approximately 15% of all the valid 
records and used to validate and monitor the performance of the ANN training 
process.
• Testing records: 11,701 records, which are approximately 15% of all the valid 
records and used to evaluate the prediction performance of the trained ANN model.
Several training and learning algorithms were evaluated, and the selected one was 
Levenberg-Marquardt algorithm due to its fast convergence. The hidden layer that was 
used in the final ANN model consists of 10 neurons. Signals from the input layer are 
transferred to the output layer using the hyperbolic-tangent transfer function, while a 
linear transfer function is used to transfer the signal from the hidden layer to the output 
layer.
Figure 1 and Table 2 summarize the performance of the developed ANN model in 
predicting the route transit travel time for the different conditions.
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Figure 1: Performance of ANN for training, testing and validation datasets
Table 2: Performance measures for the developed ANN model training process
Number of 
Epochs R R
2
Mean-
Squared 
Error
(min2)
Mean of Absolute 
Error
(min)
Standard 
Error
(min)
123 0.9762 0.9530 55.21 5.94 0.13
4 VALIDITY OF TRANSIT TRAVEL TIME DEVELOPED MODEL
Following the development of the ANN prediction model, its prediction accuracy 
has been evaluated by comparing the observed travel time to the predicted ones of the 
testing group (recall that the testing group has 11,701 records that are used only to assess 
the performance of the developed model, and they were not part of the learning process 
at any stage).
To do so, two histograms were created. The first one shows the number of records 
where the error in predicting the journey’s transit travel time is within a given time 
range. The second histogram shows the number of records where the error is within a 
given percentage of the trip’s observed travel time, as can be seen in Figure 2 and Figure 
3.
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Figure 2: Performance of ANN for training, testing and validation datasets
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Figure 3: Performance of ANN for training, testing and validation datasets
Figure 2 and Figure 3 clearly reveal that the developed model is performing well in 
providing a reliable estimate of travel time. For instance, for approximately half of the 
transit trips, the prediction error is less than five minutes, and around 95% of the trips 
have an error of 15 minutes or less.
In terms of the percentage error of travel time prediction, more than two-third of the 
records have an error of 15% or less, with only 10% of all the trips having experienced 
an error that is more than 25% of its travel time. This observation is an indication that 
another input variable describing the trip length (i.e., short or long trip for instance) can 
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be introduced to improve the prediction capabilities of the model.
5 CONCLUSION AND RECOMMENDATIONS 
The objective of this research is to evaluate the potential implementation of ANN in 
predicting model the travel time of different bus routes using a set of variables describing 
the route characteristics. The model can be later used as a tool by public transportation 
operators and planners. To do so, a one-year worth of data from 12 different routes were 
collected, processed and modeled.
Approximately 150,000 records were analyzed. The sum of 78,004 records were 
found valid and used in the analysis. An ANN model is developed to predict the travel 
time along the transit route. The results show that the ANN was able to provide a reliable 
estimation of travel times.
One of the key limitations of this study is the absence of traffic volumes or other 
traffic congestion indications along the transit travel routes due to the unavailability of 
such data. Nonetheless, the developed model furnishes the overall framework that can be 
enriched when traffic information or congestion level indicators are nested in the future.
While the study shows promising results regarding the use of the developed model 
by stakeholders to plan different public transit routes, there is a significant potential 
of expanding the scope of this study, where more information about ridership can be 
integrated into the model. It can also be expanded to be integrated within a real-time 
advanced traveler information system or an advanced public transportation system. 
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